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Abstract

With the growing number and variety of products in su-
permarkets, managing retail shelves manually is time-
consuming and prone to human error, making it diffi-
cult for staff to recognize and organize them efficiently.
This work focuses on detecting and grouping similar or
identical products from shelf images. In this project,
we proposed a novel unsupervised, three-stage frame-
work for grouped product recognition in supermarket en-
vironments, consisting of: (a) grocery product detection,
(b) product characterization, and (c) grouped product
recognition. For grocery product detection, we employ
YOLOVS to detect and locate each grocery object, and
for product characterization, we extract multiple types of
features, including CNN-based deep features, color his-
tograms, shape and texture information, text from pack-
aging, and product position on the shelf. Finally, in the
grouped product recognition stage, we apply unsuper-
vised clustering algorithms, including OPTICS and Ag-
glomerative Clustering, to group similar products. We
also evaluate the effectiveness of recent Vision Language
Models (VLMs) for product detection and localization,
and compare their performance with our proposed frame-
work. Experimental results on public and real Dutch su-
permarket datasets show that the combination of CNN,
color, and spatial features achieved the highest cluster-
ing performance, with an ARI of 0.7894, NMI of 0.8020,
and Silhouette Score of 0.0358 on the Grocery Products
dataset.

1 Introduction

The retail industry has undergone a significant transfor-
mation due to rapid technological evolution in recent
years. The rise in living standards has led to an increased
variety of retail products in supermarkets, making it chal-
lenging for both customers and employees to manage and
recognize items manually [1]. In real retail settings, auto-
matic detection and recognition of products displayed on
the store shelf has provided the foundation of various ad-
vanced applications, which brings significant benefits to
customers and businesses.

This study focuses on the recognition and group-
ing of similar or identical retail products on supermarket
shelves. By grouping the same or similar products, it be-
comes possible to estimate the quantity of each product
type. Grouped product recognition in supermarket set-
tings can significantly help inventory management by en-
abling real-time stock tracking and automatic shelf mon-
itoring from images of racks, which greatly reduces the

staff workload [2]. Products on supermarket shelves are
often arranged by brand or category. Grouped product
recognition can also help check the display based on a
planogram by monitoring shelf organization and ensur-
ing correct placement. A planogram refers to a detailed
diagram that shows how and where products should be
arranged on shelves [3].

Real-world retail environments pose several chal-
lenges for object detection and recognition, including the
detection of small objects obscured by complex back-
grounds, the handling of cluttered and overlapping items
on shelves, and the presence of products with arbitrary
orientations [4]. Furthermore, visual similarities among
products in terms of shape, color, and texture make ac-
curate detection and recognition more difficult. Image-
related issues such as different lighting conditions, blur-
ring, and varying viewing angles can affect the reliability
of detection and recognition models [5].

Computer vision plays a vital role in retail environ-
ments. Introducing computer vision-based object detec-
tion and recognition to improve customers’ shopping ex-
perience, inventory management, store shelf layout, and
process automation. For example, object detection sys-
tems in stores can automatically identify out-of-stock
or misplaced products, enhancing operational efficiency.
Object detection and recognition are foundational and
challenging tasks in computer vision.

Object detection is the process of detecting the pres-
ence of different objects within an image or video frame
[6]. It also forms the basis for advanced visual-language
tasks such as object grounding [7], where the goal is to
localize an object in an image based on a textual descrip-
tion, such as identifying the red bottle on the top shelf.”
Object grounding introduces a language component, re-
quiring the system to understand both the visual features
of the scene and the semantic meaning of the query.

Early object grounding methods relied on CNN-
based models, employing convolutional networks for im-
age encoding combined with small-scale Long Short-
Term Memory (LSTM) networks for language encod-
ing. With the advancement of pre-trained and multimodal
large models, state-of-the-art methods have significantly
improved grounding performance. Recent state-of-the-
art methods include Vision-Language Pre-trained (VLP)
models such as Grounding DINO and Florence-2, which
integrate visual detection with encoder-decoder architec-
tures through cross-modal learning, as well as Multi-
modal Large Language Models (MLLMs) such as Qwen-
VL and GPT-4o, which extend the capabilities of Large
Language Models (LLMs) by integrating multiple data



types, such as images, textual information, audio, and
more, and supporting cross-modal understanding through
a unified architecture [7].

With the growth of deep learning, computer vision
has made significant progress in recent years. However,
object detection and recognition of retail products are
still in their infancy, restricting the development of novel
and advanced applications [8]. In the past few decades,
researchers have been dedicated to addressing these is-
sues to make progress in object detection. Recent im-
provements in object detection and recognition have been
driven by deep learning technology such as Convolutional
Neural Networks (CNNs). CNN-based methods such as
Faster R-CNN, You Only Look Once (YOLO), and Single
Shot MultiBox Detector (SSD) have been widely used.
These CNN-based methods achieve impressive accuracy
in various benchmarks when applied to object detection
and classification [9].

In retail applications, studies show the effectiveness
of deep learning methods in tasks such as automatic prod-
uct recognition and checkout automation. While these
achievements mark huge progress, many deep learning-
based methods are still in their early stage [10]. One such
underexplored area is grouped product recognition, which
aims to recognize groups of similar or related products
displayed together on shelves, instead of recognizing each
product individually. This task introduces additional chal-
lenges, as many product classes display significant simi-
larities in packaging design, making them harder for a
single model to recognize or group them correctly [11].

This research proposes a novel framework to detect
and group retail products from shelf images in supermar-
ket environments by using machine learning techniques.
The proposed framework is divided into three steps:

(1) Grocery Product Detection leverages You Only
Look Once (YOLO) [12] to detect and localize items.

(2) Product Characterization extracts visual, spatial,
and textual features.

(3) Grouped Product Recognition employs existing un-
supervised clustering algorithms to group similar prod-
ucts together.

We evaluate this work using two public datasets, Gro-
cery Products [13], WebMarket [14], as well as the Dutch
Markets dataset, which we collected from Dutch super-
markets, to validate its effectiveness across different retail
environments.

1.1 Research Questions

This study is guided by the following main research ques-
tion:

* How to leverage visual features, textual informa-
tion, and spatial relationships to recognize and
group objects in retail environments in an unsuper-
vised manner?

To support the investigation of the main research ques-
tion, the following sub-questions were developed:

* What visual features, such as color and texture, are
most effective for grouping retail products?

* How does textual information extracted from prod-
uct packaging (e.g., labels, brand names) affect
grouped product recognition?

* How do spatial relationships between products af-
fect unsupervised grouping in supermarket envi-
ronments?

* How effective are vision language models (VLMs)
compared with the proposed framework in detect-
ing and localizing products in dense retail environ-
ments?

In summary, the significant contributions of this work
are as follows:

* A novel three-stage framework was proposed for
grouped product recognition, consisting of grocery
product detection (YOLOVS), product characteri-
zation, and clustering using OPTICS and Agglom-
erative algorithms. We also applied a per-image
threshold optimization strategy based on Silhouette
Score and entropy, which automatically selects the
best clustering threshold for each image.

* This study conducted a comprehensive ablation
study on feature combinations for grouped product
recognition. Our pipeline integrated CNN-based
visual features, color histograms, shape and texture
descriptors, OCR-based textual features, and spa-
tial layout. We evaluated the impact of each indi-
vidual and combined feature on clustering perfor-
mance.

* We present a new dataset, Dutch Markets, consist-
ing of shelf images collected from Dutch super-
markets under real-world conditions. The dataset
includes ground truth labels for product bounding



boxes and group assignments, enabling practical
validation of grouped product recognition frame-
works.

* Ground truth annotations were manually created
for two public datasets (Grocery Products and Web-
Market) to support the evaluation of clustering per-
formance.

The organization of the paper is as follows: Section 2
introduces the literature review on retail product detec-
tion and recognition, and the proposed product recogni-
tion framework in Section 3. Section 4 provides details
of the datasets and the experimental results. Section 5
presents a discussion of the experimental results. Finally,
Section 6 draw a conclusion of the work.

2 Related Work

This section reviews previous studies on grocery prod-
uct detection and recognition in retail settings. It first
presents recent methods used for detecting and recogniz-
ing grocery items, followed by a discussion of the limita-
tions in existing research that motivate this work.

2.1 Grocery Product Detection and Recognition

Many researchers have delved into the issues of object
detection and recognition in videos and images. This sec-
tion discusses the literal review of grocery product detec-
tion and recognition methodologies.

Tonioni et al. [15] developed a deep learning-based
pipeline that uses YOLOvV2 for object detection to ob-
tain a set of bounding boxes as region proposals. The
detection step identifies potential product regions with-
out specifying the actual label. Candidate regions were
then processed to generate global descriptors by using a
pre-trained CNN embedder which backbone network is a
VGG_16 [16].

To perform recognition, the global descriptor for each
candidate region is matched against a pre-computed ref-
erence database created by similar descriptors from each
available reference image. The comparison is done by
calculating the similarity distance between query and ref-
erence descriptors through K-NN similarity search.

To address false detections and re-ranking potential
matches, the refinement stage introduces a three-fold
strategy. Since the initial ranking is based on global de-
scriptors, the refinement step leverages local features ex-
tracted from both the query and reference images to bet-
ter distinguish similar-looking products. The algorithm

seeks similarity between these local descriptors to com-
pute the matches. The results are then re-ranked based on
the sum of weights between the local features.

An additional refinement step employs a distance ra-
tio criterion [17] to filter out ambiguous recognitions. If
the ratio between the query image and its 1-NN and 2-
NN exceeds a defined threshold, the match is considered
unreliable and discarded. Lastly, products in the same
macro-category are often displayed together on the shelf.
From the candidate regions, only those that have been
identified with high confidence (0.1) by Detector are con-
sidered. For these high-confidence regions, this strategy
uses 1-NN matches from high-confidence regions to de-
duce the macro-category. Accordingly, it then filters po-
tential matches based on that category.

A two-stage pipeline model for object detection and
recognition was proposed by Gothai et al. [18]. In
the first step, the pre-processing step uses several filter
methods, including Contrast Limited Adaptive Histogram
Equalization (CLAHE), smoothing, and sharpening, to
address lighting conditions, camera flash, and light re-
flection problems. The framework employs YOLOvVS for
real-time object detection. YOLOVS5 detects the products
and generates bounding boxes along with their associated
probabilities. Applying a Gaussian filter to remove false
positives.

Product recognition uses logo images within the de-
tected location. This stage relies on extracting and com-
bining visual features such as color, shape, and size. For
shape and size vocabulary, using Latent Dirichlet Alloca-
tion (LDA) to build a vocabulary of shape and size his-
togram features. Gaussian SIFT descriptors are used to
extract local spatial features at multiple scales. Then, ap-
ply the Dirichlet function to transform histogram-based
features, and BoW features are computed for each sub-
region.

In terms of color, images are converted to the HSV
values, and then employ a 3D color picker to extract color
features. With Naive Bayes, a color vocabulary is gener-
ated by clustering the color features. After that, Fisher
Kernel Encoding is applied for color encoding and fur-
ther refinement by leveraging Gaussian Mixture Model
(GMM) to generate a visual word dictionary. Gradients
are calculated based on how the feature vectors interact
with the GMM components (weights, means, and vari-
ance). The gradients are aggregated into a Fisher vector,
which is a Bag-of-Visual-words (BoV) extension. Fisher
vector captures the probabilistic structure and the feature
relationships. Concatenate the final vector by combining
color, shape, and size features with a weighted strategy



and identify the brand by leveraging the final vector.

Selvam et al. [10] divided the product detection and
recognition task into three modules:

(a) Retail product detection: Using YOLOVS to create
bounding boxes of products from video frames.

(b) Product-text detection: A curve-shaped text detec-
tion method is proposed. A Fully Convolutional Network
(FCN) model with a ResNet50 backbone is introduced to
extract features such as text regions (TRs), text center line
(TCL), and its geometric attributes. ResNet50 includes
skip connections to solve the vanishing gradient problem
and enable the higher layer to perform as well as the lower
layer. Applying masked TCL to retain only discrete text
instances by removing background from TCL pixels.

After that, the enhanced striding algorithm is em-

ployed to refine the detection of text instances, accurately
predicting text region geometries. It includes three steps:
centralizing, striding, and sliding. After TCL genera-
tion, the bounding boxes are reconstructed around text
instances with a post-processing technique named Width
Height based Bounding Box Reconstruction (WHBBR).
The algorithm transforms these irregular bounding boxes
into accurate rectangular bounding boxes.
(c) Product-text recognition: This phase leverages a text
recognition model, SCATTER, to recognize the text from
the cropped text images [19]. This model consists of four
steps that utilize CNN with a 29-layer ResNet backbone
to extract features. Once the features are extracted, a Bi-
LSTM is applied over the feature map to capture the re-
lationships between characters in both directions. Lastly,
CTC-Attention-based decoding is used to convert features
into characters. Create the attention map from features
and adapt a separate encoder-decoder to decode the atten-
tion map. Then, LSTM is used to obtain text characters.

Selvam et al. [20] introduced a three-stage grocery
product recognition, combining (a) object detection, (b)
OD-Refiner, and (c) object recognition.

Start with cutting-edge object detection named
YOLOVS5, generating bounding boxes around detected
products. Despite YOLO being one of the most effective
algorithms, YOLOWVS has difficulty detecting and locating
small objects.

The second stage proposes a set of post-processing
phases combined as "OD-Refiner”. It addresses com-
mon challenges such as miss detection and inaccurate and
overlapping bounding box predictions. YOLOVS gener-
ates a number of redundant boxes that are irrelevant for
accurate product detection. The Boolean Mask is applied
to help retain only those boxes surpassing a probability
threshold.

To further address overlapping problems, Non-max
suppression (NMS) is employed. NMS evaluates bound-
ing boxes based on Intersection over Union (IoU). If IoU
between two bounding boxes exceeds a predefined thresh-
old, the bounding box with the lower objectness score
would be filtered, retaining only one bounding box.

However, NMS has limitations in dense and noisy sit-
uations. The Subtle-IoU layer is used to deal with this is-
sue. The Subtle-IoU produces objectness scores for each
bounding box through a fully convolutional layer. Then
compute loU between an estimated bounding box and an
actual bounding box. Using a binary cross-entropy loss to
learn a probabilistic score. Finally, the Subtle-IoU layer
evaluates and creates singular detection for each product.

Furthermore, Missing box correction leverages
planogram information, where the expected layout of
items is compared against detected bounding boxes. By
creating observed and reference planograms, it identifies
similarities between layouts and corrects missed items by
adjusting the detected frame.

Lastly, the object recognition phase adapts a DL-
based optical character recognition system to process text
from the product’s packaging. Begin with a text detection
that utilizes an Efficient Accurate Scene Text (EAST) de-
tector [21] to identify and extract text regions from retail
products. This model is a fully convolutional network that
predicts text regions and their orientation angles.

Text recognition with a Batch Normalization Free
Fully-Convolutional Rigorous Feature Flow Neural Net-
work (BNFRNN) is applied to recognize text from de-
tected text regions. BNFRNN comprises a fully convolu-
tional network with two rigorous layers and a manuscript
layer as its core. This model improves on previous meth-
ods by avoiding the use of batch normalization. In-
stead, this model uses a learnable scalar multiplier a.
The Manuscript layer consists of the Taylor-SoftMax and
CTC, which creates the final sequence. After that, the ex-
tracted text is compared with a predefined database, and
the identity of the item is determined.

2.2 Research Gaps

Although many approaches have been developed for
product detection and recognition, several challenges re-
main. Tonioni et al. [15] struggled with the slow test time
speed, which is unsuitable for mobile or low-cost devices.
Furthermore, the Detector and Embedder are developed
separately, increasing the model’s complexity. Also, they
lacked sufficient product samples for training and had a
domain gap between the training and testing images.



Selvam et al. [10] faced some challenges while their
research achieved good performance when the product
text was clearly visible. First, the framework completely
relied on text from product packaging. Therefore, it failed
if the text was occluded or missing. Moreover, the model
was computationally expensive when training. The study
did not cover real-world tasks such as tracking out-of-
stock products, counting items, or detecting misplaced
products on shelves.

A later study by Selvam et al. [20] explored a differ-
ent strategy, introducing OD-Refiner to enhance detection
performance. However, this framework still faced issues
in recognizing partially visible or occluded text on pack-
aging, which affected the accuracy of matching with the
reference database. In addition, the framework was lim-
ited in recognizing specially designed or decorative char-
acters, which are common on retail packaging.

Previous methods depend heavily on clear and com-
plete textual information and lack the ability to esti-
mate product quantities and monitor shelf inventory. To
address these limitations, we propose a grouped prod-
uct recognition framework that integrates visual appear-
ance, textual information, and spatial relationships be-
tween products, instead of relying only on complete text.
This framework also enables the system to count the vis-
ible number of items for each product type on the shelf,
which is essential for inventory tracking and shelf moni-
toring.

3 Proposed Framework

The overall architecture of the proposed framework is il-
lustrated in Figure 1. This framework comprises three
stages: (i) Grocery Product Detection, (ii) Product Char-
acterization, and (iii) Grouped Product Recognition. Each
stage will be discussed in detail below.

3.1 Grocery Product Detection

YOLOVS was adopted in our framework due to its effec-
tiveness in recent state-of-the-art grocery product recog-
nition studies. Especially, YOLOVS is particularly effec-
tive in detecting densely packed and small objects.
YOLOVS [22, 23, 24, 25, 26, 27] combines CSPDark-
net53 and Path Aggregation Network (PANet), which
contributes to faster model training and lower computa-
tion costs. It consists of three core components: a back-
bone network, a neck network, and a detection head.
YOLOVS5 adopts CSPDarknet53 as its backbone. It
incorporates Cross Stage Partial (CSP) network as part
of the architecture, which tackles the issue of repetitive

gradient information commonly found in larger back-
bones. CSPDarknet53 also utilizes the Focus layer to
perform image slicing, replacing the first three layers of
the YOLOv3 backbone. It helps reduce information loss
while downsampling, lowers CUDA memory consump-
tion, and accelerates training speed. By reducing the
number of network parameters, the backbone decreases
model complexity and improves inference speed.

After feature extraction by the backbone, the neck is
applied to aggregate and refine feature representations.
YOLOVS introduces PANet as its neck network to boost
information flow. PANet uses a new feature pyramid net-
work (FPN) and pyramid attention network (PAN). FPN
follows a top-down pathway that improves the semantic
representation by propagating deep-layer semantics to the
shallow layer through upsampling. PAN adopts a bottom-
up pathway that propagates the localization information
from the shallow layer to the deep layer, improving the
localization capability at different scales. Thereby, PANet
improves the localization accuracy.

The last component is the head. It produces three dis-
tinct outputs of feature maps at different scales to enable
multi-scale object prediction, which helps the model de-
tect different sizes of objects. In addition, YOLOVS pre-
dicts bounding boxes as offsets relative to a set of prede-
fined anchor boxes.

Given an input image, YOLOVS predicts multiple
bounding boxes. Each bounding box consists of five val-
ues: z,y,w,h, and confidence. The (z,y) coordinates
denote the center of the box relative to the grid cell, while
w and h are the box width and height relative to the entire
image. The confidence score indicates the IoU between
the predicted bounding box and the ground truth bound-
ing box. We used YOLOVS as a product detector to de-
tect and localize individual grocery items within the shelf
images. Since fine-grained classification is not required,
each product in the training images was annotated with a
single class label using a bounding box, simplifying the
process and accelerating the training speed.

3.2 Product Characterization

In order to categorize detected products for grouped prod-
uct recognition, we extracted a combination of visual, tex-
tual, and spatial features. Visual features include CNN-
based learned representations that capture overall appear-
ance, color histograms to describe overall color distribu-
tions, HOG descriptors for shape information, and texture
patterns via Gabor and LBP filters, while textual features
are detected and extracted from EAST and EasyOCR.
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Figure 1: Pipeline architecture of the proposed grouped product recognition system.

Spatial information is also incorporated. In the follow-
ing sections, we provide a detailed explanation of each
feature extraction method.

CNN-based Feature Extraction

A Convolutional Neural Network (CNN) has demon-
strated outstanding performance in image understanding
tasks. Compared to traditional feature extraction models,
CNN automatically captures diverse and important fea-
tures, resulting in computational efficiency.

To leverage the robust feature extraction capabilities
of deep learning, we adopted ResNet50 [28], a state-of-
the-art CNN pre-trained on the ImageNet dataset. ResNet
is a remarkable architecture that incorporates residual lay-
ers [29, 30, 31, 32, 33]. ResNet addresses the vanishing
gradient issue by introducing shortcut connections, which
offer an alternative shortcut for the gradient to pass more
effectively through the network. The identity mapping
is used to help avoid the over-fitting problem by enabling
the model to bypass a CNN weight layer when the current
layer is not beneficial. ResNet50 consists of 50 layers.
The architecture of ResNet50 is shown in Figure 2.

Each cropped product image is resized to 224 x 224
pixels to match the input format of ResNet50. The pro-
cessed image is then passed through the network to re-
ceive a 2048-dimensional feature vector for each product
image by removing the last fully connected layer.

Color Feature Extraction

Color is one of the most fundamental features for dif-
ferentiating retail products. Color histogram [34] is one
of the most commonly adopted techniques for extracting
color features from images. It captures the distribution of
pixel intensities across predefined color bins. We utilized
a color histogram in the HSV (Hue, Saturation, Value)
color space to extract color features.

Although RGB is the most commonly used color rep-
resentation in digital images, it does not closely align with
human color perception. HSV color space is the closest
to the human visual system. Hue indicates the type of
color, which is defined as an angle from 0O to 360°. Sat-
uration represents the purity of color, ranging from O to
1, and Value (Intensity) refers to the brightness of a color
with a value in the range [0, 1] [35]. HSV color histogram
makes it more robust to lighting variations as it sepa-
rates the luminance component (Value) from the chromi-
nance components (Hue and Saturation) of a pixel’s color
[36, 37, 38].

The HSV color histogram effectively represents the
overall color composition and brightness variations in
product images. This is particularly useful for differenti-
ating products that share similar forms but different color
packaging.

Shape Feature Extraction

Shape features are extracted by using the Histogram of
Oriented Gradients (HOG) [39], a widely used descriptor
for capturing edge structures and local contours. HOG
descriptor computes the accumulation of gradient direc-
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Figure 2: The architecture of ResNet50 for feature extraction, adapted from [28].

tions or edge orientations over the pixels within a small
spatial region called “cell” of the image. Each image is
first converted to grayscale to be well analyzed.

The image is divided into N x N small cells (e.g.,
8x8 pixels). On each cell, calculate the gradient orienta-
tion shown in Equation 1 and the magnitude of each pixel
based on Equation 2.

_ Gy
6 = arctan <G$>

M= \/G2+G? @)

A histogram is formed by accumulating the magni-
tudes of the same gradient over all pixels within the cell.
Each pixel contributes to the histogram based on its ori-
entation and magnitude. To account for lighting and con-
trast variations, neighboring cells are grouped into larger
regions called “blocks” (e.g., 2x2 cells), and their his-
tograms are normalized within each block [40, 41].

HOG descriptor are particularly beneficial for distin-
guishing between items with subtle packaging differences
or unique shapes.

)

Texture Feature Extraction

We employed a combination of Gabor filters [42] and Lo-
cal Binary Patterns (LBP) [43] to extract texture features,
which are commonly used techniques in texture analysis.

Gabor filters [42] are bandpass filters that effectively
capture texture patterns by analyzing their frequency con-
tent and orientation. An example of Gabor filter output is
illustrated in Figure 3. A two-dimensional Gabor filter
is defined as a Gaussian kernel function modulated by a
sinusoidal wave:

202
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Here, A is the wavelength of the sinusoidal factor, 6 is
the orientation of the Gabor kernel, 1 is the phase offset,
o is the standard deviation of the Gaussian factor, and ~
is the spatial aspect ratio that controls the ellipticity of the
support of the Gabor function [44, 45].



Input grayscale image

Figure 3: An example of applying a Gabor filter [42] to a
grayscale image.

Local Binary Pattern (LBP) [43] is a powerful tex-
ture operator that was first introduced by Ojala et al. Each
pixel in the image is treated as a center point, and its in-
tensity is compared with the intensities of its neighboring
pixels within a specified radius. If a neighboring pixel
has a higher or equal intensity, it is assigned a value of
1; otherwise, it is assigned to 0. The binary result is then
converted into a decimal value, demonstrated in Figure 4.
By applying this process to every pixel in the image, a
set of LBP codes is generated and summarized into a his-
togram [46, 47, 44]. The LBP result is computed as:

P-1
LBPpr(z,y) =Y s(gp—gec) - 2° (6)
p=0

where the function s(x) is defined as:

1 ifz>0
s(x) = .
0 otherwise

Here, g. denotes the intensity of the center pixel, and
P is the number of neighbors surrounding the center point
within a radius R.

(7

Spatial Feature Extraction

In addition to visual features, spatial information is cru-
cial for distinguishing grouped product categories, partic-
ularly on dense retail shelves.

To obtain this information, we implemented it by
parsing bounding box values generated by YOLO prod-
uct detector. The value of each detected object includes
normalized coordinates for the center of the box (x,y),
the width w, and the height h. For each detected object,
a five-dimensional spatial feature vector is constructed:

9o 91 92 88 91 65

Decimal: 230 = Binary: 117100710 <umm— 0 0

Figure 4: An illustration of the LBP [43] operator pro-
cess.

[,y,w, h,d], where d indicates the Euclidean distance
of the object center to the image center, calculated based
on Equation 8.

d=1/(z —0.5)2 + (y - 0.5)2 @)

Text Feature Extraction

To extract meaningful textual features from product pack-
aging, we incorporated the Efficient and Accurate Scene
Text (EAST) Model [21] for Text Detection and Easy-
OCR [48] for Text Recognition, as illustrated in Figure 5.

Product Text Detection

We adopted the EAST detector [21], a fully convolu-
tional network (FCN) that predicts word-level text regions
in arbitrary orientations and quadrilateral shapes directly
from images.

The model produces two key outputs: a score map
and a geometry map. The score map denotes the con-
fidence score of predicted text regions, and the geome-
try map describes the shape and spatial structure of the
bounding boxes around the text regions. The geometry
map can be represented in two formats: RBOX, which in-
cludes distances to box boundaries and a rotation angle,
or QUAD, which consists of coordinate offsets to the four
vertices of the quadrangle.

Non-Maximum Suppression (NMS) is applied as a
post-processing step to suppress overlapping boxes to re-
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Figure 5: Text detection and recognition pipeline using
EAST [21] and EasyOCR [48], with examples of ex-
tracted text.

ceive the final output.

Product Text Recognition

After Text Detection, the cropped text regions are
then passed to Product Text Recognition through Easy-
OCR [48], a Python-based library built on PyTorch that
provides robust and accurate text recognition. EasyOCR
integrates convolutional feature extraction with a Long
Short-Term Memory (LSTM) sequence labeling model
and Connectionist Temporal Classification (CTC) decod-
ing. It supports over 80 languages, including English,
Arabic, Chinese, and Latin, making it well-suited for mul-
tilingual product packaging.

Feature Fusion

Different types of features are combined together in the
feature fusion stage. These include CNN-based visual
features, color, shape, texture features, and the spatial in-
formation of the products on the shelf. Text information
is extracted using EasyOCR and vectorized using Term
Frequency—Inverse Document Frequency (TF-IDF) [49].
TF-IDF is a commonly used technique in information re-
trieval and natural language processing to measure how
important a word is in a document relative to a corpus.

TF-IDF score for a term ¢ in a document d is calcu-
lated as:

TF-IDF(t, d) = TF(t, d) x IDF(t)

where:

ft.d

TF(t,d) =
( ) Zt'ed ft’,d

IDF(t) = log (1 n nt)

Here, f; 4 is the frequency of term ¢ in document d,
> cq fr.a 1s the total number of terms in document d, N
is the total number of documents in the corpus, and n; is
the number of documents that contain the term ¢.

All extracted features were concatenated into a sin-
gle feature vector. This allows the clustering algorithm
to make better decisions when grouping products. An
overview of the extracted features and their correspond-
ing dimensions is presented in Table 1.

Extracted Feature Dimensions
CNN-based features 2048
Color features (HSV) 512
Shape features (HOG) 7200
Texture features (Gabor filters + LBP) 257
Spatial features 5

Text features 50

Table 1: Summary of feature dimensions.

3.3 Grouped Product Recognition

To identify groups of similar products on the shelves, we
applied an unsupervised clustering strategy based on ex-
tracted features. For the clustering process, we employed
two algorithms: OPTICS (Ordering Points To Identify the
Clustering Structure [50] and Agglomerative Clustering
[S1].

OPTICS

OPTICS [50] is a density-based clustering method that
extends the principles of DBSCAN by capturing the clus-
tering structure of data points across multiple density
levels. Unlike DBSCAN, which requires a fixed neigh-
borhood radius € to detect clusters, OPTICS generates
a reachability plot that reflects how data points cluster
across a range of density thresholds, without requiring a
fixed € value.

OPTICS introduces two core concepts: core distance
and reachability distance. The core distance of a point
p is defined as the smallest distance needed to reach a
certain number of neighboring points, determined by the
parameter called Min Pts. To find this distance, calculate



how far p is from its MinPts-th neighbor. If the point
does not have enough neighbors, it is not considered a
core point. The reachability distance between the core
point p and a point o within the radius € is calculated by
comparing the core distance of p and the distance between
p and o, and taking the larger of the two.

OPTICS stores both the core distance and the reach-
ability distance for each point and produces a total order
of points based on reachability. These values are used to
construct the reachability plot, a visualization that helps
identify clusters of varying densities. In this plot, lower
reachability values indicate dense regions, while higher
values imply sparse areas or noise.

OPTICS algorithm relies on several hyperparame-
ters that influence the resulting clustering structure. The
min_samples parameter defines the minimum number of
neighbors required for a point to be considered a core
point. The xi parameter determines the steepness in the
reachability plot required to define a cluster boundary.
Additionally, min_cluster_size defines the minimum num-
ber of points in a cluster, which is optional. The hyperpa-
rameter settings used in our implementation are listed in
Table 2.

Hyperparameter Value
min_samples 2

xi 0.01-0.10
min_cluster_size None

Table 2: Hyperparameters used for OPTICS [50] and their
selected value in our implementation.

Agglomerative Clustering

Agglomerative Clustering [51] is a bottom-up hierarchi-
cal clustering method. It starts by considering each data
point as its own cluster and then gradually merging two
clusters with minimal distance. This merging repeats un-
til all points are grouped into a single large cluster or a
stopping condition is met.

In our implementation, n_clusters defines the number
of clusters that can be generated. distance_threshold de-
termines the maximum distance at which points can be
merged into the same cluster. Lastly, linkage criterion
controls how the distance between clusters is computed.
We use the ward method, which minimizes the variance
within clusters. The values used in our implementation
are summarized in Table 3.

Hyperparameter Value
n_clusters None
distance_threshold 20 -200
linkage ward

Table 3: Hyperparameters used for Agglomerative Clus-
tering [51] and their selected value in our implementation.

Threshold Optimization

In addition to using a fixed threshold for clustering,
this study explored two dynamic threshold optimization
strategies: one based on the Silhouette Score and the other
based on entropy. These strategies are applied to the dis-
tance_threshold in Agglomerative Clustering and the xi
parameter in OPTICS, both of which control how clus-
ters are formed.

For the Silhouette Score-based method, a range of
candidate thresholds is defined for each image. For each
threshold, we apply the clustering algorithm to the im-
age. After clustering, we compute the Silhouette Score
for each clustering result. Once all thresholds have been
evaluated, we select the threshold that achieves the high-
est Silhouette Score as the optimal threshold. Figure 6
illustrates an example of this process, demonstrating how
the Silhouette Score varies with the threshold and how the
optimal value is selected.
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Figure 6: An example of Silhouette Score plotted against
different distance thresholds under Agglomerative Clus-
tering [51] for a single image. The red dashed vertical
line indicates the optimal threshold that achieves the high-
est Silhouette Score.

For the entropy-based method, the optimal threshold
is determined by calculating the entropy of the resulting
cluster distribution. Entropy measures the level of disor-



der in the grouping. Lower entropy indicates more con-
centrated clusters, while higher entropy suggests more
disorderly or ambiguous grouping. The optimal thresh-
old is selected from a range of candidate thresholds as the
one that results in the lowest entropy. Shannon’s entropy
is defined as follows [52]:

H(z) == p(x)logy p(x)

where p(x) denotes the probability of samples as-
signed to cluster z.

Figure 7 demonstrates how the entropy of the cluster-
ing result varies across different distance threshold val-
ues. The lowest entropy value corresponds to the selected
optimal threshold.
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Figure 7: An example of entropy [52] plotted against dif-
ferent distance thresholds under Agglomerative Cluster-
ing [51] for a single image. The red dashed vertical line
indicates the optimal threshold that achieves the lowest
entropy.

3.4 Object Grounding through Vision Language
Models

To explore the potential of Vision Language Models
(VLMs) in object detection, we adopted two methods: In-
ternVL2.5 [53] and GPT-40 [54]. InternVL2.5 [53] is
a recent Multimodal Large Language Model (MLLM).
InternVL2.5 supports various vision-language tasks, in-
cluding image captioning and object grounding. It per-
forms object grounding by understanding both visual and
textual input and outputs bounding boxes around regions
in the image.

GPT-40 [54] is a state-of-the-art Multimodal Large
Language Model (MLLM) developed by OpenAl. It is
capable of multimodal inputs, including text, image,
or audio, and generates outputs across several modali-
ties. GPT-40 adopts an end-to-end architecture across all

modalities processed by a unified neural network. It fea-
tures fast response times that are comparable to human-
level interaction.

We evaluate InternVL2.5 and GPT-40 on benchmark
datasets. For each image, the models are given different
prompts to generate bounding boxes for individual prod-
ucts. The prompts used are provided in appendix A.

4 Experimental Results
4.1 Datasets

For our experimental evaluation, we use two publicly
available datasets: Grocery Products [13] and WebMar-
ket [14], as well as the Dutch Markets dataset, as can be
seen in Figure 8.

Although the datasets include existing annotations,
we noticed that many of the bounding boxes were not
precise. To improve annotation consistency and accuracy,
we manually refined the bounding boxes in both the Web-
Market and Grocery Products datasets by correcting inac-
curate boxes and adding missing ones. The annotation
process was conducted using Roboflow, a computer vi-
sion platform that supports data annotation, model train-
ing, and deployment.

Each product in the images was manually annotated
with bounding boxes. Since the goal was to detect where
products appear in the image, rather than to classify them.
Therefore, all annotations were assigned the same class
label of 0. In addition, to evaluate the performance of our
grouped product recognition method, we manually cre-
ated ground truth labels by assigning the same label to
products belonging to the same group.

Grocery Products [13] is used for fine-grained ob-
ject classification and localization. It contains hierarchi-
cal categorical information for every product. It has a to-
tal of 80 product categories. However, only 27 of those
80 classes contain ground truth. Therefore, only those
27 product categories would be used in the recognition
and localization task, including 3235 fine-grained prod-
uct pictures. The testing set includes 680 shelf images,
collected with a mobile phone under various lighting set-
tings, camera angles, and zoom scales in real retail envi-
ronments. Each image contains between 6 and 30 prod-
ucts.

WebMarket [14] consists of 3153 shelf images of
size 2272 x 1704 with 102 product categories. The im-
ages were taken from 10 different grocery shelves, and
each image covers three to four shelves. Most of the
pictures were shot from the front without using any spe-
cial lighting. The ground truth only provides information



Dataset Given labels

Provided labeling

Total images Training set Validation set Testing set

Grocery Products[13]  Class label (e.g., Food/Cereals) & bounding box Class label (0 / Group ID) & bounding box 680 544 102 34
WebMarket[14] Class label (object) & bounding box Class label (0 / Group ID) & bounding box 300 240 45 15
Dutch Markets - Class label (0 / Group ID) & bounding box 128 - - 128

Table 4: Overview of the datasets used in this study, including original labels, provided annotations, and the number

of images in each data split.

about which shelf image each product appears in, without
precise location annotations. Therefore, the location of
the products must be manually identified.

In addition to the public datasets, we collected 128
shelf images from Dutch supermarkets, which we refer to
as the Dutch Markets dataset. The images were captured
using a phone under natural in-store lighting conditions.
Each image contains around 5 to 40 visible product items.
These images are used to evaluate model performance on
real-world retail environments, as illustrated in Figure 8.
To enable evaluation, we manually annotated all products
in the images with bounding boxes using Roboflow, fol-
lowing the same annotation approach used for the public
datasets.

In this study, the Grocery Products and WebMarket
datasets were divided into a 85% training set, a 15% val-
idation set, and a 5% testing set. The Dutch Markets
dataset, manually annotated for evaluation, was used for
testing, as summarized in Table 4.

4.2 Evaluation Metrics

In this work, distinct evaluation metrics are applied at dif-
ferent stages of our framework. Product detection stage
is evaluated by Precision, Recall, and F1-score. For the
grouped product recognition stage, we employ clustering
evaluation metrics, including Adjusted Rand Index (ARI),
Normalized Mutual Information (NMI), and Silhouette
Score, to measure the quality of product grouping.

Evaluation metrics of Product Detection

The performance of product detection was assessed based
on three evaluation metrics: Precision, Recall, and F1-
score.

* Precision: Measures the proportion of correctly
detected products among all detected products. It
reflects how accurate the model’s detections are,
calculated based on Equation 9.

TP
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Precision =
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(a) Samples of images in the Grocery Products dataset [13]
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(b) Samples of images in the WebMarket dataset [14]

(c) Samples of images in the Dutch Markets dataset

Figure 8: Example shelf images from two public datasets
and a self-collected dataset from Dutch supermarkets.

where T'P is the number of correct detections and
F'P is the number of incorrect detections.

* Recall: It measures the proportion of correctly de-
tected products among all actual products present
in the images. It indicates the model’s ability to de-
tect all relevant objects, evaluated by Equation 10.

TP

Recall = —
= TPIFN

(10)

where F'N is the number of missed detections.



* F1-score: Represents the harmonic mean of Preci-
sion and Recall. It helps measure both the model’s
accuracy and its ability to find all products, ranging
from O to 1. It is computed as:

Floscore — 2 x Precision x Recall

(1D

Precision + Recall

Evaluation metric of object grounding

Accuracy is used as the evaluation metric for object
grounding, same as [55]. It is defined as the ratio of cor-
rectly grounded object bounding boxes to the total num-
ber of predicted grounded boxes. A predicted box is con-
sidered correct if its Intersection over Union (IoU) with
the corresponding ground truth box exceeds a threshold
of 0.5.

Evaluation metrics of Grouped Product Recognition

For evaluating the quality of grouped product recogni-
tion, we employ three clustering evaluation metrics: Ad-
justed Rand Index (ARI), Normalized Mutual Informa-
tion (NMI), and Silhouette Score, capturing both external
and internal validation aspects.

¢ Adjusted Rand Index (ARI): It measures the sim-
ilarity between predicted and true groupings by
checking all possible pairs of items, adjusted for
random chance. A score of 1 means perfect match-
ing, while a score close to 0 indicates random as-
signment. It is calculated as:

RI — Expected|RI]
max(RI) — Expected[RI]

where RI is the Rand Index and Expected[RI|
is its expected value of RI if clusters were as-
signed randomly. max(RI) is the maximum possi-
ble value of RI. ARI ranges from -1 to 1.

ARI = (12)

* Normalized Mutual Information (NMI): It quan-
tifies the shared information between the predicted
and true labels, normalized to scale between 0 and
1. Higher scores indicate stronger agreement and
better clustering quality, measured by Equation 13.

2x I(U;V)

NMI(U, V) = )+ 1)

(13)
where I(U; V') is the mutual information between
ground truth clusters U and predicted clusters V" as-
signed by the algorithm, and H (-) implies entropy.

* Silhouette Score: It is an internal measure of clus-
tering quality. It tells how similar a sample is to its
own cluster compared to other clusters. The score
ranges from -1 to 1, where a higher value indicates
that the sample is well-matched to its own cluster
and poorly matched to neighboring clusters. The
formula is shown in Equation 14.

b(i) — ali)
max{a(i), b(3)}

where a(7) is the average distance between sample
1 data point and all other points in the same cluster,
and b(7) is the average distance between sample ¢
data point and all points in the nearest cluster.

s(i) = (14)

4.3 Grocery Product Detection Performance

As we can observe in Table 5, our implementation based
on YOLOVS5 achieved a precision of 89.0%, a recall of
89.2%, and an F1-score of 89.1% on the Grocery Products
dataset. On the WebMarket dataset, the method achieved
a precision of 92.1%, a recall of 93.8%, and an F1-score
of 92.94%.

In addition, we evaluated the product detection per-
formance of our implementation by comparing it with
several existing studies, as well as the best-performing
object grounding results obtained by GPT-40 and In-
ternVL2.5 (from Table 7), on the Grocery Products and
WebMarket datasets, as summarized in Table 5.

On the Grocery Products dataset, various detection
methods based on different technical frameworks were
compared. Early works based on traditional feature-
based methods, such as Bag of Words (BOW) and deep
learning models like Deep Neural Network (DNN) [56],
achieved relatively lower precision and recall. [57] and
[58] introduced CNN-based models, showing improve-
ment in F1-score compared to traditional methods. The
YOLOv5-based method by [10] achieved the highest pre-
cision (92.1%) but with lower recall (86.8%) compared to
our implementation. In contrast, we enhanced YOLOVS5’s
detection capabilities, achieving a higher Fl-score of
89.1%. Additionally, the grounding-based model In-
ternVL2.5 reported significantly lower performance, with
a precision of 15.0%, a recall of 7.68%, and an F1-score
of only 10.16.

On the WebMarket dataset, the detection perfor-
mance of our implementation was compared against
several existing approaches. Earlier approaches, such
as ERP+CNN and R-CNN-G, achieved lower Fl1-score,
which were below 80%. With the adoption of YOLOvVS



by [10], detection accuracy improved significantly,
achieving an Fl-score of 86.3%. [20] further im-
proved the YOLOVS performance by introducing a post-
processing technique called OD-Refiner, achieving the
highest reported precision of 92.56%, but their recall was
comparatively lower at 85.64%, resulting in an F1-score
of 88.97%. By contrast, our YOLOvS5-based implementa-
tion achieved a more balanced detection, with a precision
of 92.1%, a recall of 93.8%, and an F1-score of 92.94%,
the highest recall and F1-score among all compared meth-
ods. Furthermore, the performance of the grounding-
based model GPT-40 was considerably low, with an F1-
score of 6.1%.

Method Precision (%) Recall (%) F1l-score (%)

Grocery Products [13]

Model Precision (%) Recall (%) Fl-score (%)
YOLOVS - Grocery Prodcuts 91.9 89.9 90.9
YOLOVS - WebMarket 80.7 83.3 82.0
GPT-40 (grounding) 9.18 4.47 6.01

Table 6: Performance comparison of two YOLOV5 mod-
els and the best-performing object grounding result (from
Table 7) on the Dutch Markets dataset.

4.4 Object Grounding Performance through
InternVL2.5 and GPT-40

[56] (BOW) 77.7 76.5 . . ey .
(56] (DNN) . as ] To evaluate the object grounding capab.lhty us%ng In-
[58] (ERP+CNN) 81.05 ternVL2.5 [53] and GPT-40 [54], we designed different
[57] (R-CNN-G) - - 8021 prompts to help the models in locating items by returning
{101 (YOLOW) o2 so8 833 bounding box predictions
Our implementation (YOLOVS) 89.0 89.2 89.1 g p :
Our implementation (InternVL2.5, grounding) 15.0 7.68 10.16
‘WebMarket [14]

(8] (ERP+CNR) 7876 InternV1.2.5 GPT-40
[57] (R-CNN-G) - - 75.50 Dataset
[10] (YOLOVS) 89.4 88.2 86.3 P1 P2 P3 P4 P5 P6
[20] (YOLOV5 + OD-Refiner) 92.56 85.64 88.97
Our implementation (YOLOVS) 92.1 938 92.94 Grocery Products [13]  0.29 1500 0.62 245 9.73 1445
Our impl i GPT-4o, di 2.8 4.0 6.

ur implementaton (GPT-Ao, grounding) : ‘ 1 WebMarket [14] 0.19 645 277 994 691 12.83

Dutch Markets 040 7.50 5.00 9.18 877 622

Table 5: Comparison of product detection performance
with existing methods and the best-performing object
grounding result (from Table 7) on the Grocery Products
[13] and WebMarket [14] datasets.

In addition to two public datasets, we evaluated both
YOLOV5 models, one trained on the Grocery Products
dataset and the other on WebMarket, using the Dutch
Markets dataset. We also included the best-performing
object grounding result for comparison. As shown in Ta-
ble 6, the model trained on Grocery Products performed
better, with a precision of 91.9%, a recall of 89.9%, and
an Fl-score of 90.9%. In comparison, the WebMarket-
trained model had weaker performance, with an F1-score
of 82%. In contrast, the grounding-based model GPT-
4o demonstrated significantly lower performance, with an
F1-score of only 6.01%.

Figure 9 demonstrates sample detection results on the
Grocery Products, WebMarket datasets, and Dutch Mar-
kets dataset. Our implementation successfully captures
products across various shelf layouts and effectively han-
dles small, densely packed items.

Table 7: Comparison of object grounding performance on
Grocery Products [13], WebMarket [14], and Dutch Mar-
kets datasets using InternVL2.5 [53] and GPT-40 [54],
with prompts detailed in appendix A.

Table 7 demonstrates a comparative evaluation for
object grounding across the Grocery Products, WebMar-
ket, and Dutch Markets datasets. InternVL2.5 achieved
its highest accuracy with prompt 2 (15%), while GPT-
40 generally outperformed InternVL2.5, reaching up to
14.45% accuracy on Grocery Products with Prompt 6.
Similar to the WebMarket and Dutch Markets datasets,
GPT-40 again outperformed InternVL2.5, demonstrated
more stable and higher average performance. Prompt 6
achieved the best performance for GPT-40 on the Web-
Market dataset, with an accuracy of 12.83%. For the
Dutch Markets dataset, prompt 5 resulted in the highest
accuracy of 9.18%. These findings indicate that GPT-40
demonstrates more stable and robust performance across
different prompts and datasets.
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Figure 9: Prediction results of product detection on Grocery Products [13], WebMarket [14], and Dutch Markets
datasets. Green boxes indicate correct detections (true positives), boxes represent false detections (false posi-
tives), and red boxes highlight ground truth objects that were missed by the model (false negatives).



(c) Prompt 3 (InternVL)

(f) Prompt 6 (GPT-40)

Figure 10: Comparison of object grounding results using
six different prompts. The left column shows results from
InternVL2.5 [53] (Prompts 1-3), while the right column
shows results from GPT-40 [54] (Prompts 4-6). Red and
green bounding boxes indicate the detected product re-
gions by InternVL2.5 [53] and GPT-40 [54], respectively.

Figure 10 illustrates the visual results of object
grounding from six different prompts across InternVL2.5
and GPT-4o0. Both models demonstrated limited success
in accurately detecting individual products. InternVL2.5
(Prompt 1-3) generated sparse and incorrect results across
prompts, while GPT-40 (Prompt 4-6) exhibited more con-
sistent coverage but often failed to distinguish product
boundaries. Many products were either missed or inaccu-
rately localized by both models. These results show that
current VLMs still struggle to detect and localize individ-
ual products in crowded and complex shelf environments.

4.5 Grouped Product Recognition Performance

Since clustering algorithms assign arbitrary cluster labels,
a remapping process was necessary to align predictions
with ground truth labels. Each cropped detection was
matched to a ground truth object based on an IoU thresh-
old. Cropped images were then assigned the correspond-
ing ground truth label. For each image, the predicted clus-
ters were mapped to ground truth classes based on major-
ity voting within the cluster.

Table 8 shows the performances across different fea-
ture combinations on the Grocery Products dataset. When
using the single feature, CNN achieved the best results in
ARI and NMI under both Agglomerative Clustering and
OPTICS, outperforming traditional visual features such
as color, shape, texture, and spatial layout. When com-
bining features, the performance improved significantly.
The combination of CNN + Color + Spatial achieved the
highest ARI (0.7894) and NMI (0.8020) under Agglom-
erative Clustering, and also attained a relatively higher
Silhouette Score (0.0385), followed by the CNN + Color
which reached an ARI of 0.7894, an NMI of 0.7989, and
a Silhouette Score of 0.0359.

Under OPTICS clustering on the Grocery Products
dataset. Among individual features, Color and CNN
achieved the best performance, with Color obtaining an
ARI of 0.6176 and NMI of 0.6741, and CNN achieving
an ARI of 0.6162 and NMI of 0.6715. The combina-
tion of CNN + Color + Texture surpassed other combi-
nations, with ARI and NMI reaching 0.7318 and 0.7597.
The second-best performance is CNN + Color + Spatial,
which reported an ARI of 0.7085 and an NMI of 0.7513.
Compared to Agglomerative Clustering, OPTICS shows
lower performance.

Table 9 demonstrates the performance on the Web-
Market dataset under various feature combinations. In
Agglomerative Clustering, CNN outperformed other sin-
gle features, achieving the highest ARI (0.6582) and
NMI (0.8014) scores. Combining CNN with Color and
Texture achieved even better results, reaching the high-
est ARI (0.6858) and NMI (0.8183) across all combi-
nations. Under OPTICS, clustering scores were gener-
ally lower compared to Agglomerative Clustering. CNN
again achieved the best performance among single fea-
tures (ARI = 0.4498, NMI = 0.7479). When combining
different features, CNN + Color + Spatial produced the
best performance with an ARI of 0.4713 and an NMI of
0.7683. CNN + Color + Texture was slightly lower, which
achieved an ARI of 0.4520 and an NMI of 0.7652.

Spatial relationships play an important role in



Table 8: Performance on the Grocery Products dataset [13] using different feature combinations

Feature Agglomerative Clustering OPTICS
ARI NMI  Silhouette Score ~ ARI NMI  Silhouette Score

CNN 0.7303 0.7485 0.0158 0.6176  0.6741 -0.0040
Color 0.6207 0.6664 0.0688 0.6162 0.6715 -0.0347
Shape 0.5983 0.6473 0.0050 04171 0.5313 -0.0317
Texture 0.1025 0.1750 0.0496 0.0812 0.1540 0.0948
Spatial 0.0913 0.1647 -1.000 0.5462 0.5854 -0.1431
Text 0.1055 0.1720 0.8787 0.1185 0.1830 0.7819
CNN + Color 0.7894  0.7989 0.0359 0.6976  0.7460 -0.0187
CNN + Shape 0.7066 0.7240 -0.0034 0.5280 0.6052 -0.0257
CNN + Texture 0.7229 0.7540 0.0144 0.6335 0.6911 -0.0015
CNN + Spatial 0.7303 0.7583 0.0166 0.6082 0.6771 -0.0016
CNN + Text 0.7270 0.7421 0.0144 0.6224 0.6782 -0.0070
Color + Shape 0.6835 0.7298 -0.0028 0.5371 0.6284 -0.0032
Color + Texture 0.6426 0.6762 0.0694 0.5747 0.6396 -0.0288
Color + Spatial 0.6304 0.6779 0.0681 0.6248 0.6742 -0.0374
CNN + Color + Shape 0.7439 0.7513 -0.0066 0.6040 0.6701 0.0080
CNN + Color + Texture 0.7807 0.7919 0.0387 0.7318 0.7597 -0.0223
CNN + Color + Spatial 0.7894 0.8020 0.0358 0.7085 0.7513 -0.0170
CNN + Color + Text 0.7880 0.8023 0.0413 0.6997 0.7457 -0.0226
CNN + Shape + Texture 0.7065 0.7338 -0.0021 0.5333  0.6090 -0.0065
CNN + Shape + Spatial 0.7066 0.7240 -0.0032 0.5241 0.6036 -0.0261
CNN + Texture + Spatial 0.7302 0.7561 0.0136 0.6269 0.6856 -0.0020
CNN + Color + Shape + Texture 0.7484 0.7526 -0.0091 0.5939 0.6688 0.0084
CNN + Color + Shape + Spatial 0.7460 0.7606 -0.0066 0.6127 0.6737 0.0081
Color + Shape + Texture + Spatial 0.6956 0.7176 -0.0027 0.5434  0.6290 -0.0011
CNN + Color + Shape + Texture + Spatial 0.7495 0.7557 -0.0091 0.5964 0.6717 0.0086
CNN + Color + Shape + Texture + Spatial + Text 0.7546 0.7615 -0.0094 0.6151 0.6849 0.0032

grouped product recognition within supermarket settings.
Although spatial information alone generated limited
clustering performance, combining it with other features
improved the results. For example, on the Grocery Prod-
ucts dataset, combining color with CNN resulted in an
NMI of 0.7989, and combining it with CNN and Color
(CNN + Color + Spatial) further increased the NMI to
0.8020. It suggests that spatial relationships are more
beneficial for clustering methods when combined with vi-
sual features.

Figure 11 illustrates the clustering performance
across different distance thresholds for Agglomerative
Clustering and xi thresholds for OPTICS in different fea-
ture combinations. In Agglomerative Clustering, CNN-
based combinations, particularly CNN + Color + Texture
and CNN + Color + Spatial, achieved peak ARI and NMI
scores across a range of distance thresholds.

Under OPTICS, a general decline in ARI and NMI
was observed with increasing xi thresholds, showing the
high sensitivity of density-based clustering methods to
parameter changes. Silhouette Score remained relatively
low across thresholds for both clustering methods.

Figure 12 shows examples of grouped product recog-
nition results using Agglomerative Clustering. On the
Grocery Products dataset (a)-(h), products are densely or-
ganized on shelves, with highly consistent visual features
such as color and packaging design, showing that Ag-
glomerative Clustering performs effectively under con-
ditions where shelf organization and product appearance
are highly consistent. While clustering performs reason-
ably well under these conditions, some incorrect predic-
tions are still observed, as indicated by red solid bounding
boxes.

In contrast, the WebMarket dataset examples (i)—(p)



Table 9: Performance on the WebMarket dataset [14] using different feature combinations

Feature Agglomerative Clustering OPTICS
ARI NMI  Silhouette Score ~ ARI NMI  Silhouette Score

CNN 0.6582 0.8014 -0.0188 0.4498 0.7479 -0.0309
Color 0.4561 0.6975 0.0191 0.3286 0.7220 -0.1360
Shape 0.4874  0.7009 -0.0257 0.2370 0.6536 -0.0219
Texture 0.0552 0.0229 -0.0012 0.0022 0.1835 0.0095
Spatial 0.0451 0.2351 0.0298 0.5373  0.7496 -0.2638
Text 0.0074 0.1343 0.9473 0.0064 0.1227 0.7607
CNN + Color 0.6692 0.8095 -0.0306 0.4671 0.7669 -0.0683
CNN + Shape 0.5546 0.7387 -0.0334 0.3420 0.7033 -0.0022
CNN + Texture 0.6457 0.8016 -0.0203 0.4105 0.7387 -0.0066
CNN + Spatial 0.6566 0.8011 -0.0204 0.4586 0.7512 -0.0307
CNN + Text 0.6384 0.7932 -0.0199 0.4152 0.7405 -0.0296
Color + Shape 0.6029 0.7633 -0.0345 0.3119 0.7033 -0.0301
Color + Texture 0.4583 0.6917 0.0106 0.2384 0.6918 -0.0895
Color + Spatial 0.4587 0.7009 0.0137 0.3586 0.7338 -0.1342
CNN + Color + Shape 0.6299 0.7816 -0.0525 0.4226 0.7442 -0.0212
CNN + Color + Texture 0.6858 0.8183 -0.0320 0.4520 0.7652 -0.0521
CNN + Color + Spatial 0.6754 0.8119 -0.0301 0.4713 0.7683 -0.0678
CNN + Color + Text 0.6755 0.8132 -0.0235 0.4486 0.7705 -0.0681
CNN + Shape + Texture 0.5551 0.7356 -0.0313 0.3206 0.6933 -0.0052
CNN + Shape + Spatial 0.5587 0.7416 -0.0313 0.3448 0.7026 -0.0023
CNN + Texture + Spatial 0.6506 0.8041 -0.0199 0.4043 0.7399 0.0137
CNN + Color + Shape + Texture 0.6356  0.7799 -0.0510 0.4297 0.7489 -0.0192
CNN + Color + Shape + Spatial 0.6351 0.7832 -0.0488 0.4226 0.7442 -0.0212
Color + Shape + Texture + Spatial 0.6017 0.7588 -0.0371 0.3291 0.7102 -0.0316
CNN + Color + Shape + Texture + Spatial 0.6368 0.7811 -0.0477 0.4311 0.7481 -0.0191
CNN + Color + Shape + Texture + Spatial + Text 0.6393 0.7844 -0.0506 0.4276 0.7510 0.0196

show more complex scenarios, including greater variabil-
ity in product design and shelf organization. Although the
model achieves reasonable grouping performance, several
misgroupings were present, marked by red solid bound-
ing boxes, reflecting the challenges of unstructured retail
environments.

4.6 Optimal Threshold Selection Results

This section presents the performance results using the
optimal threshold for each image selected by Silhouette
Score and entropy under Agglomerative Clustering and
OPTICS. Table 10 and 11 summarize the results under
Agglomerative Clustering, while Table 12 and 13 report
the clustering results under OPTICS.

Under Agglomerative Clustering, as shown in Ta-
ble 10, on the Grocery Products dataset, using CNN alone
under Silhouette Score selection gave better results than

other single features, with an ARI of 0.5657 and NMI
of 0.6205. When combining features, the combination
of CNN + Text achieved the highest ARI (0.5897) and
NMI (0.6336), outperforming other feature combinations.
Other good performances, such as CNN + Color + Tex-
ture and CNN + Color + Spatial, also achieved compet-
itive results. Under entropy selection, among single fea-
tures, Color alone achieved the highest results, reaching
an ARI of 0.3189 and NMI of 0.3407. This differs from
Silhouette Score selection. The best performance was ob-
tained by the combination of CNN + Color + Shape +
Texture + Spatial + Text, with an ARI of 0.3797 and NMI
of 0.4283.

Table 11 reports the results for the WebMarket
dataset. Under Silhouette Score selection, CNN features
alone reported the best ARI and NMI scores compared
to other single features. Moreover, among all combina-
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Figure 11: Comparison of clustering performance across feature combinations and clustering thresholds using Ag-
glomerative Clustering and OPTICS on the Grocery Products dataset [13]. Metrics include Adjusted Rand Index
(ARI), Normalized Mutual Information (NMI), and Silhouette Score.

tion features, the best overall performance was achieved
by the combination of CNN + Color + Shape + Texture +
Spatial, which reported an ARI of 0.6061 and an NMI of
0.7596. Under entropy selection, CNN + Color + Shape
reached the highest ARI (0.2683), while CNN + Color +
Shape + Texture + Spatial + Text reported the best NMI
(0.5458).

For OPTICS, as we can observe in Table 12, on the
Grocery Products dataset, using color features alone un-
der Silhouette Score selection achieved the best perfor-
mance with an ARI of 0.5109 and NMI of 0.6203 among
individual features, followed by CNN features. The best
overall performance came from CNN + Color + Spa-
tial, with the highest ARI (0.6545) and NMI (0.7122).
This outperformed all other feature combinations. Un-
der entropy-based threshold selection, text features alone
reported the best ARI (0.2566), and the combination of
CNN, color, and texture gained the highest NMI (0.4778).

Table 13 presents the results for the WebMarket
dataset. Under Silhouette Score selection, CNN + Color
+ Spatial reached the best ARI (0.4209), and the high-
est NMI is reported from CNN + Color + Text. with an
NMI of 0.7635. In contrast, for entropy-based optimiza-

tion, spatial features achieved the best performance, with
an ARI of 0.0776 and NMI of 0.5399.

The results show that selecting the optimal threshold
based on the Silhouette Score led to better overall perfor-
mance compared to using entropy.

Figure 13 illustrates grouped product recognition re-
sults on both the Grocery Products and WebMarket
datasets using dynamically selected thresholds per image.
In the Grocery Products dataset, many product instances
are correctly grouped, while some errors are observed. In
contrast, results in the WebMarket dataset show a greater
number of misgroupings.

4.7 Grouped Product Recognition Results on Dutch
Markets dataset

To further evaluate the method under real-world condi-
tions, Table 14 presents the grouped product recogni-
tion results using clustering methods under two different
YOLOvV5-based detection models. We selected the two
top feature combinations: CNN + Color + Texture and
CNN + Color + Spatial. These combinations were used
based on the best results obtained in the previous recog-
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Figure 12: Examples of grouped product recognition results on different datasets. (a)—(h) show examples from the
Grocery Products dataset [13], and (i)—(p) illustrate examples from the WebMarket dataset [14]. Red solid bounding
boxes are used to indicate prediction errors.

nition experiments on Grocery Products and WebMarket formance was achieved by applying Agglomerative Clus-
datasets (see Table 8 and Table 9). tering with the detection model trained on the Grocery

. Products dataset. When using CNN + Color + Texture,
The results show that the best overall recognition per-



Table 10: Performance of grouped product recognition on the Grocery Products dataset [13] using per-image optimal
thresholds selected by Silhouette Score and entropy under Agglomerative Clustering.

Feature Silhouette Score Entropy
ARI NMI  Silhouette Score  ARI NMI  Silhouette Score

CNN 0.5657 0.6205 -0.0716 0.2693 0.3133 0.0011
Color 0.5178 0.5342 -0.2222 0.3189 0.3407 0.0155
Shape 0.3114 0.3664 -0.0279 0.2039 0.2736 -0.0164
Texture 0.1424 0.2271 -0.0291 0.1515 0.2279 -0.0085
Spatial 0.0930 0.1664 0.4903 0.0931 0.1664 0.4903
Text 0.1137 0.1741 0.7725 0.1092 0.1694 0.7104
CNN + Color 0.5829 0.5801 -0.1228 0.3665 0.3662 0.0162
CNN + Shape 0.4898 0.5680 -0.0382 0.2656 0.3192 -0.0034
CNN + Texture 0.5408 0.5976 -0.0602 0.2789 0.3228 -0.0193
CNN + Spatial 0.5689 0.6237 -0.0801 0.2757 0.3197 0.0017
CNN + Text 0.5897 0.6336 -0.0758 0.2821 0.3204 0.0059
Color + Shape 0.4379 0.4542 -0.0344 0.3584 0.3899 0.0028
Color + Texture 04119 0.4250 -0.1280 0.3304 0.3473 0.0074
Color + Spatial 0.5069 0.5274 -0.2234 0.3380 0.3498 0.0065
CNN + Color + Shape 0.5466 0.5948 -0.0311 0.3735 0.4240 -0.0036
CNN + Color + Texture 0.5859  0.6008 -0.0951 0.3684 0.3660 0.0127
CNN + Color + Spatial 0.5796 0.5770 -0.1226 0.3635 0.3631 0.0133
CNN + Color + Text 0.5685 0.5843 -0.1234 0.3603 0.3622 0.0204
CNN + Shape + Texture 0.4690 0.5491 -0.0298 0.2554 0.3139 0.0014
CNN + Shape + Spatial 0.4898 0.5680 -0.0385 0.2656 0.3192 -0.0034
CNN + Texture + Spatial 0.5408 0.5976 -0.0569 0.2789 0.3228 -0.0193
CNN + Color + Shape + Texture 0.5466  0.5948 -0.0298 0.3735 0.4240 -0.0011
CNN + Color + Shape + Spatial 0.5466  0.5948 -0.0311 0.3735 0.4240 -0.0036
Color + Shape + Texture + Spatial 0.4183 0.4397 -0.0356 0.3439  0.3829 -0.0021
CNN + Color + Shape + Texture + Spatial 0.5466 0.5948 -0.0299 0.3797 0.4283 0.0022
CNN + Color + Shape + Texture + Spatial + Text 0.5596  0.6002 -0.0310 0.3797 0.4283 0.0024

it reached the highest ARI of 0.6140 and NMI of 0.6638.
The second-best result was CNN + Color + Spatial, with
an ARI of 0.6082. In contrast, OPTICS obtained lower
performance across both feature combinations.

In comparison, when using the YOLOvS model
trained on the WebMarket dataset, recognition perfor-
mance was slightly lower under the same clustering meth-
ods. Under Agglomerative Clustering, the best combina-
tion, CNN + Color + Spatial, reported an ARI of 0.5887
and an NMI of 0.6438. Moreover, compared to Agglom-
erative Clustering, the performance under OPTICS was
lower across all feature combinations.

Figure 14 illustrates grouped product recognition ex-
ample results on the Dutch Markets dataset. In structured
and less cluttered settings such as (a) and (c), the model
achieved accurate and consistent grouping. Nevertheless,

challenges remain in more complex scenarios. In exam-
ples like (d), (g), and (h), products are densely packed
and share high visual similarity, leading to misgroupings
presented with red bounding boxes.

We also evaluated how optimal threshold selection
affects grouping performance. For this experiment, we
used the YOLOVS model trained on the Grocery Products
dataset as the detector since it showed higher and more
stable performance across previous evaluations (see Ta-
ble 14). As shown in Table 15 and 16, thresholds were
chosen based on Silhouette Score and entropy. The results
show that OPTICS outperformed Agglomerative Cluster-
ing, achieving the highest ARI of 0.4968 and NMI of
0.5891 using the CNN + Color + Spatial combination un-
der Silhouette Score selection. In contrast, the best result
under Agglomerative Clustering was obtained using the



Table 11: Performance of grouped product recognition on the WebMarket dataset [14] using per-image optimal thresh-
olds selected by Silhouette Score and entropy under Agglomerative Clustering.

Feature Silhouette Score Entropy
ARI NMI  Silhouette Score  ARI NMI  Silhouette Score

CNN 0.5368 0.7395 -0.0818 0.0535 0.2656 0.0076
Color 0.0712 0.3719 -0.2561 0.0368 0.2377 -0.0254
Shape 0.3989 0.6425 -0.0391 0.1052 0.3414 -0.0380
Texture 0.0533 0.2651 -0.0742 0.0359 0.1896 -0.0273
Spatial 0.0823 0.3091 -0.0907 0.0533 0.2418 -0.0771
Text 0.0074 0.1345 0.6787 0.0056 0.1214 0.6948
CNN + Color 0.3871 0.6802 -0.0960 0.0944 0.3470 0.0014
CNN + Shape 0.4532  0.6790 -0.0554 0.1749 0.4416 -0.0213
CNN + Texture 0.5411 0.7364 -0.0751 0.0572  0.2604 0.0057
CNN + Spatial 0.5501 0.7468 -0.0823 0.0583 0.2633 0.0061
CNN + Text 0.5605 0.7529 -0.0875 0.0533 0.2633 0.0082
Color + Shape 0.5084 0.7063 -0.0687 0.2026 0.4703 -0.0255
Color + Texture 0.0651 0.3591 -0.1983 0.0407 0.2472 -0.0240
Color + Spatial 0.0672 0.3674 -0.2442 0.0355 0.2354 -0.0253
CNN + Color + Shape 0.6057 0.7540 -0.0699 0.2683 0.5437 -0.0024
CNN + Color + Texture 0.3751 0.6726 -0.0977 0.0951 0.3473 0.0008
CNN + Color + Spatial 0.4545 0.7027 -0.0981 0.1048 0.3628 0.0242
CNN + Color + Text 0.3938 0.6872 -0.0979 0.0954 0.3492 0.0002
CNN + Shape + Texture 0.4803 0.6858 -0.0437 0.1745 0.4447 -0.0264
CNN + Shape + Spatial 0.4608 0.6824 -0.0534 0.1745 0.4413 -0.0214
CNN + Texture + Spatial 0.5378 0.7384 -0.0734 0.0579 0.2617 0.0068
CNN + Color + Shape + Texture 0.5958 0.7563 -0.0595 0.2596  0.5437 -0.0270
CNN + Color + Shape + Spatial 0.6057 0.7540 -0.0731 0.2587 0.5411 -0.0228
Color + Shape + Texture + Spatial 0.5105 0.7076 -0.0601 0.2271 0.4857 -0.0224
CNN + Color + Shape + Texture + Spatial 0.6061 0.7596 -0.0608 0.2599 0.5425 -0.0268
CNN + Color + Shape + Texture + Spatial + Text 0.5590 0.7571 -0.0512 0.2618 0.5458 -0.0337

CNN + Color + Shape + Texture + Spatial + Text combi-
nation, with an ARI of 0.3534 and NMI of 0.3883, also
under Silhouette Score-based thresholds.

When using entropy-based threshold selection, the
overall performance was lower for both clustering meth-
ods. Under Agglomerative Clustering, CNN + Color +
Shape + Texture + Spatial + Text feature combination re-
ported the best result, with an ARI of 0.1853 and NMI
of 0.2389. In comparison, the Color feature alone ob-
tained the best performance, reaching an ARI of 0.2194
and NMI of 0.4789.

4.8 Impact of Product Size on Clustering
Performance

Since product size may affect the visibility of key features
such as text or shape, we analyzed whether different sizes

impact clustering performance. All products were divided
into three size groups based on bounding box area: small,
medium, and large.

As illustrated in Figure 15, it shows clearly different
distributions of product sizes across the three datasets,
computed as the bounding box area divided by the en-
tire image area. Two vertical dashed lines represent
fixed thresholds used to categorize sizes. the red line
at 0.025 separates small and medium products, while
the green line at 0.08 separates medium and large prod-
ucts. The Grocery Products dataset presents a relatively
balanced distribution, especially with more medium and
large items. This shows that the Grocery Products dataset
contains varied product scales. In contrast, most prod-
ucts in the WebMarket dataset are small. The majority
of bounding boxes are smaller than the 0.025 threshold,



Table 12: Performance of grouped product recognition on the Grocery Products dataset [13] using per-image optimal
thresholds selected by Silhouette Score and entropy under OPTICS.

Feature Silhouette Score Entropy
ARI NMI  Silhouette Score  ARI NMI  Silhouette Score

CNN 0.4798 0.6036 -0.0300 0.1353 0.4024 -0.0282
Color 0.5109 0.6203 -0.0735 0.2434  0.4695 -0.0855
Shape 0.2057 0.4243 -0.0524 0.1137 0.3096 -0.0014
Texture -0.0007  0.1028 -0.0251 0.0703  0.1287 -0.0070
Spatial 0.4950  0.5557 -0.2173 0.2566 0.4347 -0.1993
Text 0.1151 0.1807 0.7462 0.1168 0.1810 0.7457
CNN + Color 0.6699 0.7071 -0.0491 0.2067 0.4773 -0.0330
CNN + Shape 0.3259 0.5127 -0.0438 0.1031 0.3423 -0.0133
CNN + Texture 0.3443  0.4882 -0.0121 0.0997 0.3354 -0.0130
CNN + Spatial 0.4902  0.6203 -0.0342 0.1435 0.4037 -0.0443
CNN + Text 0.4925 0.6072 -0.0343 0.1417 0.3833 -0.0316
Color + Shape 0.3003  0.5209 -0.0165 0.1158 0.3942 -0.0136
Color + Texture 0.4418 0.5639 -0.0660 0.2255 0.3927 -0.0430
Color + Spatial 0.5655 0.6505 -0.0640 0.2250 0.4611 -0.0789
CNN + Color + Shape 0.3524  0.5672 -0.0154 0.1304 0.3942 -0.0136
CNN + Color + Texture 0.5750  0.6372 -0.0285 0.2062 0.4712 -0.0283
CNN + Color + Spatial 0.6545 0.7122 -0.0683 0.2057 04717 -0.0326
CNN + Color + Text 0.6432  0.6981 -0.0505 0.2155 0.4778 -0.0309
CNN + Shape + Texture 0.2861 0.4921 -0.0280 0.1065 0.3445 -0.0057
CNN + Shape + Spatial 0.3109 0.5067 -0.0435 0.0945 0.3356 -0.0140
CNN + Texture + Spatial 0.3738  0.5008 -0.0093 0.0977 0.3400 -0.0122
CNN + Color + Shape + Texture 0.3608 0.5735 -0.0135 0.1276  0.3951 -0.0054
CNN + Color + Shape + Spatial 0.3553  0.5640 -0.0153 0.1281 0.3924 -0.0137
Color + Shape + Texture + Spatial 0.2630  0.4975 -0.0147 0.1443 0.4177 -0.0123
CNN + Color + Shape + Texture + Spatial 0.3607 0.5735 -0.0134 0.1276  0.3952 -0.0053
CNN + Color + Shape + Texture + Spatial + Text 0.3722  0.5784 -0.0146 0.1371 0.4069 -0.0046

with few medium and almost no large items. The Dutch
Markets dataset shows a broader distribution, with many
products falling within the medium range. It offers a rela-
tively balanced dataset of small, medium, and large prod-
ucts.

Table 17 compares the clustering performance of Ag-
glomerative Clustering across three datasets based on
product size (small, medium, large). In the Grocery Prod-
uct dataset, medium-sized products achieved the highest
ARI (0.8494), showing that these products were grouped
more accurately. In contrast, the WebMarket dataset
reached perfect ARI and NMI for large products, which
is likely due to the small number of large-sized samples.
For the Dutch Markets dataset, medium products show
the best performance, with an ARI of 0.6451 and NMI
of 0.6671, followed by large-sized items. Small products
show weaker results. The results suggest that the Gro-

cery Products and Dutch Markets dataset, with a more
balanced size distribution, supports better clustering over-
all, while most items in the WebMarket dataset are small,
clustering becomes more difficult. This may be due to the
fact that small products often lack clear visual informa-
tion, such as readable text or distinct shapes, leading to
lower clustering accuracy.

5 Discussion

This section presents a detailed discussion of the experi-
mental results based on the research questions, and also
discusses the proposed framework limitations and future
improvements.



Table 13: Performance of grouped product recognition on the WebMarket dataset [ 14] using per-image optimal thresh-

olds selected by Silhouette Score and entropy under OPTICS.
Silhouette Score Entropy
Feature - 4
ARI NMI  Silhouette Score ARI NMI  Silhouette Score

CNN 0.3647 0.7313 -0.0744 0.0044  0.2823 -0.0527
Color 0.2692  0.7079 -0.1785 0.0530 0.5341 -0.2101
Shape 0.0848 0.5517 -0.0597 -0.0001 0.1645 -0.0127
Texture -0.0028 0.1018 -0.0501 -0.0036  0.1080 -0.0199
Spatial 0.5195 0.7408 -0.2897 0.0776  0.5399 -0.3912
Text 0.0064 0.1227 0.7307 0.0060 0.1204 0.6729
CNN + Color 04171  0.7606 -0.1067 0.0177  0.4051 -0.1065
CNN + Shape 0.2928 0.6841 -0.0448 0.0003  0.1853 -0.0185
CNN + Texture 0.3375 0.7243 -0.0676 -0.0003  0.1447 0.0108
CNN + Spatial 0.3717 0.7333 -0.0737 0.0047 0.2853 0.0528
CNN + Text 0.3402 0.7261 -0.0800 0.0043  0.2682 -0.0547
Color + Shape 0.2309 0.6834 -0.0643 0.0000 0.2020 -0.0091
Color + Texture 0.2306  0.6472 -0.1562 0.0054 0.2625 -0.0608
Color + Spatial 0.3006 0.7252 -0.1808 0.0518  0.5401 -0.2073
CNN + Color + Shape 0.2851 0.7232 -0.0493 -0.0007 0.1948 -0.0061
CNN + Color + Texture 0.4052  0.7550 -0.0949 0.0094  0.3263 -0.0879
CNN + Color + Spatial 0.4209 0.7620 -0.1078 0.0177 0.4051 -0.1064
CNN + Color + Text 0.4015  0.7635 -0.1104 0.0183  0.4109 -0.1080
CNN + Shape + Texture 0.2857 0.6783 -0.0410 0.0012  0.1892 -0.0010
CNN + Shape + Spatial 0.2928 0.6841 -0.0448 0.0003  0.1853 -0.0184
CNN + Texture + Spatial 0.3342  0.7243 -0.0697 -0.0003  0.1447 0.0105
CNN + Color + Shape + Texture 0.2801 0.7246 -0.0518 -0.0003  0.2058 -0.0091
CNN + Color + Shape + Spatial 0.2851 0.7232 -0.0493 -0.0007 0.1948 -0.0057
Color + Shape + Texture + Spatial 0.2387 0.6868 -0.0616 -0.0007 0.1790 -0.0103
CNN + Color + Shape + Texture + Spatial 0.2801 0.7246 -0.0518 -0.0003  0.2058 -0.0088
CNN + Color + Shape + Texture + Spatial + Text 0.2870 0.7267 -0.0530 -0.0001  0.2068 -0.0089

5.1 Answers to Research Questions

What visual features, such as color and texture, are
most effective for grouping retail products?

The results clearly show that CNN-based features capture
rich semantic representations, outperforming traditional
descriptors such as color and texture when used alone. As
shown in Table 8 and 9, the combination of CNN-based
features with color features brought significant improve-
ments, showing that combining different types of visual
features helps the model group products more accurately.

How does textual information extracted from product
packaging (e.g., labels, brand names) affect grouped
product recognition?

Textual features played a supplementary role in grouped

product recognition, with distinct behaviors under fixed
and optimal threshold conditions. Under a fixed thresh-
old, the results demonstrate little improvement or even
negative effects on ARI and NMI, though they improved
the Silhouette Score in some feature combinations. This
can be attributed to challenges such as inconsistent text
orientation and frequent occlusions in packaging. Image
quality is also a key issue. Blurry images make it difficult
for the model to detect and recognize text accurately.

For instance, in the Grocery Product dataset, adding
text features to CNN and color dropped ARI from 0.7894
to 0.7880, and only a small NMI gain was observed.
While in the WebMarket dataset, ARI slightly increased
from 0.6692 to 0.6755, and the NMI from 0.8095 to
0.8132. This suggests that textual features had inconsis-
tent effects and may even introduce noise when combined
with strong visual features.
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Figure 13: Examples of grouped product recognition results using optimized thresholds per image obtained from
Silhouette Score on two datasets. (a)—(h) show examples from Grocery Products dataset [13], and (i)—(p) illustrate
examples from WebMarket dataset [14]. Red solid bounding boxes are used to indicate prediction errors.

While under the optimal threshold setting, the ef- best ARI (0.5897) and NMI (0.6336) among all combi-
fect of textual features became more positive. In the nations, suggesting that text contributed meaningfully to
Grocery Products dataset, adding text to CNN gave the clustering when combined with CNN. In the WebMarket



Agglomerative Clustering OPTICS
Feature
ARI NMI  Silhouette Score ~ ARI NMI  Silhouette Score
YOLOVS - Grocery Products
CNN + Color + Texture 0.6140 0.6638 0.0821 0.5413 0.6034 -0.0277
CNN + Color + Spatial  0.6082  0.6611 0.0861 0.5423 0.6042 -0.0372
YOLOVS - WebMarket

CNN + Color + Texture 0.5780 0.6421 0.0620 0.5098 0.5848 -0.0442
CNN + Color + Spatial  0.5887  0.6438 0.0682 0.5242 0.5920 -0.0456

Table 14: Performance of grouped product recognition on Dutch Markets dataset using top-2 combined features with

two YOLOvS5-based detection models.
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Figure 14: Predictions of grouped product recognition on Dutch Markets dataset. Red solid bounding boxes denote

incorrect predictions.

dataset, adding text features to CNN increased ARI from
0.5368 to 0.5605 and NMI from 0.7395 to 0.7529. How-
ever, adding text to a strong feature combination (CNN
+ Color + Shape + Texture + Spatial) under Silhouette
Score selection led to a weaker performance, reducing
the ARI from 0.6061 to 0.5590 and the NMI from 0.7596
to 0.7571, indicating that text may sometimes introduce
noise.

These results show that text features can help recogni-
tion performance when the threshold is carefully selected,

but they do not always work in every case. For example,
when the image quality is low or the visual features are
already strong, adding text may reduce performance.

How do spatial relationships between products af-
fect unsupervised grouping in supermarket environ-
ments?

Spatial features show small but consistent improvements
in product grouping performance, especially when items
from the same brand or category are placed close together.



Table 15: Performance of grouped product recognition on the Dutch Markets dataset using per-image optimal thresh-
olds selected by Silhouette Score and entropy under Agglomerative Clustering.

Feature Silhouette Score Entropy
ARI NMI  Silhouette Score  ARI NMI  Silhouette Score

CNN 0.3088 0.3563 -0.0352 0.1306 0.1792 0.0112
Color 0.2763 0.2872 -0.1346 0.1428 0.1695 -0.2344
Shape 0.2628 0.3237 -0.0382 0.1116 0.1544 -0.0094
Texture 0.1061 0.1469 -0.0400 0.0978 0.1436 -0.0432
Spatial 0.0470 0.0751 -0.0501 0.0470 0.0751 -0.0501
Text 0.0767 0.1096 0.3505 0.0677  0.0998 0.5231
CNN + Color 0.3304 0.3566 -0.0613 0.1371 0.1748 0.0333
CNN + Shape 0.2821 0.3453 -0.0207 0.1217 0.1714 -0.0095
CNN + Texture 0.2921 0.3436 -0.0463 0.1298  0.1775 -0.0170
CNN + Spatial 0.3085 0.3566 -0.0317 0.1316  0.1806 0.0108
CNN + Text 0.3099 0.3567 -0.0207 0.1309 0.1780 -0.0057
Color + Shape 0.2983 0.3338 -0.0549 0.1501 0.1896 0.0039
Color + Texture 0.2127 0.2363 -0.0627 0.1390 0.1692 -0.2089
Color + Spatial 0.2757 0.2877 -0.1464 0.1435 0.1709 0.0728
CNN + Color + Shape 0.3438 0.3839 -0.0269 0.1813 0.2343 0.0001
CNN + Color + Texture 0.3046 0.3235 -0.0733 0.1381 0.1753 0.0302
CNN + Color + Spatial 0.3339 0.3644 -0.0456 0.1380 0.1753 0.0259
CNN + Color + Text 0.3315 0.3644 -0.0564 0.1394 0.1772 0.0358
CNN + Shape + Texture 0.2864 0.3501 -0.0177 0.1233  0.1783 -0.0060
CNN + Shape + Spatial 0.2800 0.3404 -0.0207 0.1216 0.1712 -0.0095
CNN + Texture + Spatial 0.2889 0.3404 -0.0485 0.1302 0.1781 -0.0171
CNN + Color + Shape + Texture 0.3515 0.3835 -0.0279 0.1847 0.2378 0.0006
CNN + Color + Shape + Spatial 0.3436  0.3840 -0.0216 0.1808 0.2343 -0.0001
Color + Shape + Texture + Spatial 0.3006 0.3445 -0.0118 0.1523  0.1920 0.0049
CNN + Color + Shape + Texture + Spatial 0.3474 0.3810 -0.0299 0.1847 0.2378 0.0002
CNN + Color + Shape + Texture + Spatial + Text 0.3534 0.3883 -0.0276 0.1853 0.2389 -0.0039

In the WebMarket dataset, adding spatial features to CNN
and color increased ARI from 0.6692 to 0.6754 and NMI
from 0.8095 to 0.8119. This shows that spatial informa-
tion can give extra support to the clustering process, even
in less organized shelf scenarios. The Grocery Products
dataset showed no change in ARI and a small increase in
NMI. These findings suggest that spatial information can
provide additional support to the clustering process, but
its impact may be different.

How to leverage visual features, textual information,
and spatial relationships to recognize and group ob-
jects in retail environments in an unsupervised man-
ner?

To group retail products in an unsupervised way, this
study combined visual, textual, and spatial features. Vi-

sual features, especially CNN-based features, gave the
best performance in most cases. Color and texture added
extra details and improved results when combined with
CNN. Textual information extracted from packaging gave
slight help. Text features were helpful in some cases when
texts were visible and clear. However, when the text was
blurred or occluded, they became less effective. Spatial
relationships provided small improvements. By combin-
ing these features and using a clustering algorithm, the
framework is able to recognize and group products based
on their appearance and layout.

How effective are vision language models(VLMs) com-
pared with the proposed framework in detecting and
localizing products in dense retail environments?

In retail environments, it is important to detect and lo-



Table 16: Performance of grouped product recognition on the Dutch Markets dataset using per-image optimal thresh-

olds selected by Silhouette Score and entropy under OPTICS.
Silhouette Score Entropy
Feature - -
ARI NMI  Silhouette Score ~ ARI NMI  Silhouette Score

CNN 0.3858 0.5144 -0.0223 0.0977 0.3835 -0.0312
Color 0.4718 0.5698 -0.1037 0.2194 0.4789 -0.1228
Shape 0.1918 0.4018 -0.0135 0.0496 0.2829 -0.0090
Texture 0.0029 0.0828 -0.0433 0.0244  0.0678 -0.0212
Spatial 0.3718 0.4645 -0.2204 0.1884 0.3794 -0.1811
Text 0.0742 0.1071 0.7184 0.0739 0.1068 0.7149
CNN + Color 0.4925 0.5879 -0.0600 0.1693 0.4489 -0.0404
CNN + Shape 0.2470 0.4354 -0.0132 0.0499 0.2977 -0.0112
CNN + Texture 0.2839  0.4495 -0.0260 0.0676  0.3374 -0.0308
CNN + Spatial 0.4045 0.5262 -0.0218 0.0986 0.3853 -0.0315
CNN + Text 0.3633  0.5089 -0.0184 0.0975 0.3752 -0.0357
Color + Shape 0.2297 0.4263 -0.0329 0.0648 0.3255 -0.0156
Color + Texture 0.3127 0.4267 -0.0882 0.1081 0.3461 -0.0701
Color + Spatial 0.4800 0.5712 -0.1019 0.2125 0.4779 -0.1206
CNN + Color + Shape 0.3028 0.4872 -0.0143 0.0605 0.3414 -0.0163
CNN + Color + Texture 0.4545 0.5573 -0.0538 0.1240 0.4110 -0.0359
CNN + Color + Spatial 0.4968 0.5891 -0.0588 0.1691 0.4498 -0.0398
CNN + Color + Text 0.4822 0.5786 -0.0396 0.1595 0.4445 -0.0406
CNN + Shape + Texture 0.2683 0.4551 -0.0165 0.0537 0.3056 -0.0075
CNN + Shape + Spatial 0.2495 0.4355 -0.0130 0.0509 0.2979 -0.0130
CNN + Texture + Spatial 0.2869 0.4537 -0.0263 0.0695 0.3442 -0.0320
CNN + Color + Shape + Texture 0.3087 0.4962 -0.0150 0.0617 0.3460 -0.0166
CNN + Color + Shape + Spatial 0.3035 0.4874 -0.0144 0.0605 0.3414 -0.0164
Color + Shape + Texture + Spatial 0.2327 0.4317 -0.0122 0.0596 0.3158 -0.0150
CNN + Color + Shape + Texture + Spatial 0.3132 0.4977 -0.0140 0.0629 0.3371 -0.0165
CNN + Color + Shape + Texture + Spatial + Text 0.2888 0.4819 -0.0140 0.0624 0.3362 -0.0150

calize products accurately and clearly. However, vision
language models (VLMs), such as InternVL, often strug-
gle with detecting products accurately. Their performance
varies significantly depending on the prompt used. Find-
ing suitable prompts is challenging and time-consuming.
The results show that the overall performance was low,
with the best accuracy reaching only 15% (see Table 7).
In contrast, our implementation, which uses YOLOVS,
detected more products and showed better accuracy, as
shown in Table 5. These results show that although
VLMs can understand both language and images, they
are still limited in accurate product detection in dense re-
tail scenes. Furthermore, while VLMs can describe what
they see in an image, they fail to localize objects cor-
rectly. This is crucial in practical scenarios, especially
in robotics, where precise coordinates are essential for in-

teracting with physical items. For example, a robot rec-
ognizes what an object is, but without accurate coordi-
nates, it cannot grasp or move the item. Therefore, current
VLMs are not yet suitable for applications that demand
precise object locations.

5.2 Limitations

This study has several limitations. One issue is that the
performance of product detection drops in cluttered or
dense shelf scenarios. When shelves are heavily clut-
tered, products are often placed closely together or over-
lapping, making it difficult for the detection model to ac-
curately separate individual items, as illustrated in Fig-
ure 16a. Second, the quality of extracted text features is
impacted by image conditions. Blurry images or small
fonts on packaging often lead to recognition errors. Fi-
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Figure 15: Distribution of normalized product sizes
(bounding box areas) in the Grocery Products [13], Web-
Market [14], and Dutch Markets datasets. The x-axis
represents the proportion of the entire image area occu-
pied by each product. The y-axis indicates the number of
products. Vertical dashed lines mark thresholds for small,
medium, and large size categories.

Product size ARI NMI
Grocery Products [13]

Small 0.7193 0.8437

Medium 0.8494 0.8294

Large 0.6125 0.7599
WebMarket [14]

Small 0.7014 0.8303

Medium 0.6156 0.8060

Large 1.0000 1.0000
Dutch Markets

Small 0.5442 0.6497

Medium 0.6451 0.6671

Large 0.6015 0.6585

Table 17: Comparison of clustering performance by prod-
uct size (small, medium, large) on Agglomerative Clus-
tering across three datasets: Grocery Products [13], Web-
Market [14], and Dutch Markets.

nally, when products share very similar colors, shapes, or
packaging designs, the extracted features may not be dis-
tinct enough, leading to incorrect grouping. Moreover,
the clustering algorithms are sensitive to parameter set-
tings. As shown in Figure 16D, it illustrates how visually
similar juice packages were incorrectly grouped together
(red bounding boxes), despite belonging to different prod-
uct categories.

/74

(a) Detection limitation (b) Clustering limitation

Figure 16: Illustration of limitations observed in detection
and clustering stages.
5.3 Future Works

In the future, this framework could be improved in sev-
eral ways. First, the detection model can be improved to



find small and overlapping products by using more ad-
vanced detectors such as YOLOV7 [59], or by integrating
post-processing steps, for instance, planogram-based re-
finement [20]. Text recognition can utilize stronger OCR
models or better image pre-processing to address the dif-
ficulties of blurry or low-resolution packaging. For ex-
ample, TrOCR [60] applies transformer-based language
modeling for more accurate text recognition. Further-
more, clustering methods could be improved by exploring
techniques such as Invariant Information Clustering (IIC)
[61], which may help produce more stable and meaning-
ful groups by maximizing the consistency between differ-
ent views of the same product.

6 Conclusion

This study shows that unsupervised clustering based
on integrating visual, textual, and spatial features is a
promising direction for grouped product recognition. The
proposed method is able to cluster similar products with-
out the need for manual labels. Experimental results
demonstrate that the most effective clustering results were
obtained when CNN-based visual features were used to-
gether with color features, while the contribution of text
and spatial features is smaller but useful. Although
the framework performs well on structured datasets like
Grocery Products and shows promise on more complex
datasets like WebMarket, it faces challenges when deal-
ing with blurred images, overlapping objects, or inconsis-
tent shelf arrangements.

Despite these limitations, the research offers a prac-
tical foundation for real-world applications such as au-
tomatic shelf monitoring, inventory management, and
planogram compliance in retail settings. From an appli-
cation perspective, the proposed framework demonstrates
strong potential for real-world retail applications. Al-
though some challenges remain, such as handling clut-
tered shelves and visually similar products, its unsuper-
vised design eliminates the need for manual labeling, sig-
nificantly reducing annotation costs and making it well-
suited for large-scale implementation. With further im-
provements, this framework offers a feasible path toward
real-world implementation.

Appendix A Prompts
* P1:

”Please detect each *individual* retail product in
this image and return the bounding box coordinates
for every detected product as a list of [x_min, y_min,
x_max, y_max]. Each bounding box should corre-

spond to a *separate* product instance.”

* P2:

”Detect and return all *individual product* bound-
ing boxes in this image. Format: a list of bound-
ing boxes where each box is represented as [x_min,
y_min, x_max, y_max]. Example output: [[100,
200, 300, 400], [320, 210, 510, 400], ...] Each
bounding box should represent one separate prod-
uct on the shelf.”

* P3:

”Please detect each individual retail product in this
image. For each product, return only the bounding
box as a 4-number list in the format [x_min, y_min,
x_max, y_max]. Do NOT include any description,
explanation, or try to draw the boxes—just list the
coordinates. Example output:[100, 150, 200, 250],
[220, 160, 320, 260]...”

* P4:

”Let’s assume the image is 640x640, follow an ob-
Ject detection approach to identify all the instances
in the image, and generate their object bounding
boxes. Give me the bounding boxes in a relative
format (0 to 1), I don’t need the code, just the
bboxes. The result must be in this format: [ [xI,
x2,yl,y2] ... ]”

* PS:
”Assume the image is 640x640. Please return all
visible retail product bounding boxes in normalized
coordinates (0-1), following the format [x1, x2, yl,
y2].v

* P6:
”Assume the image is 640x640. Please return all
visible retail product bounding boxes in normalized
coordinates (0-1), following the format [x1, x2, yl,
y2].v
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